Drought has become one of the most important elements for water resources planning and management in Korea. The objective of this study is to estimate the spatial distribution of drought and change in the drought characteristics over time due to climate change. For the spatial characterization of drought, the standardized precipitation index (SPI) is calculated from the 45 observatories in Korea and the spatial distribution is also estimated based on the joint probability analysis using the copula method. To analyze the effect of climate change, spatial distribution of drought in the future is analyzed using the SPI time series calculated from Representative Concentration Pathways (RCPs) scenarios and HADGEM3-RA regional climate model. The results show that the Youngsan River and the northwest of Nakdong River basins in Korea have nearly doubled drought amount compared to the present and are most vulnerable to drought in near future (2016 to 2039 years).
Introduction
Drought is a major natural disaster and, among all natural disasters, it causes the greatest damage [1] . The annual economic damage due to droughts is estimated to be approximately $7 billion globally [2, 3] . Unquestionably, it causes considerable environmental, socioeconomic, and agricultural strain [4] [5] [6] [7] . Therefore, the estimation of the severity, spatial extent, and frequency of droughts is one of the key elements for water resources planning and management.
Since Munger [8] suggested the basic concepts for the quantitative analysis of drought, there are many studies on the quantitative estimation of drought and these can be classified into several categories: index, stochastic, statistical, and so forth. The index approach uses drought index, such as the standardized precipitation index (hereafter referred to as "SPI") based on the amount of precipitation [9] [10] [11] , Palmer Drought Severity Index (PDSI) which takes account of the temperature and physical water balance [12, 13] , Crop Moisture Index (CMI) that evaluates the short-term moisture conditions [14] , surface water supply index (SWSI) which monitors abnormalities in surface water supply sources [15] , and Vegetation Condition Index (VCI) based on satellite high resolution radiometer data [16] , as the quantitative estimator for droughts. Also, there are many studies that suggested various drought indices, including the Effective Precipitation (EP) [17] , Soil Moisture Deficit Index (SMDI) [18] , Standardized Runoff Index (SRI) [19] , Normalized Difference Water Index (NDWI) [20] , Drought Monitor (DM) [21] , or employed deterministic models [22] . The stochastic approach employs a stochastic model, such as ARIMA [23] , SARIMA [24, 25] , or Markov chain [26] , to simulate the drought characteristics. In a similar vein, the statistical approach employs various statistical techniques to estimate the drought characteristics, and these techniques can also be divided into statistical modeling, probabilistic distribution, and so forth. Various statistical models have been used for the simulation for drought, such as Artificial Neural Networks [27, 28] , regression or linear models [10, 29] , principal component regression [30] , and spectrum analysis [31] . Some studies consider drought as a probabilistic event, based on the various drought characteristics, such as the drought frequency, persistence characteristic, average severity, and maximum severity [32] [33] [34] [35] . Since Shiau et al. [36, 37] calculated the joint probability distribution using the copula function combining multiple marginal distributions, the copula function has come to the forefront as an effective tool for multivariate frequency analysis, as it can take account of drought variables that are mutually related [38] , and is now being widely utilized [39] [40] [41] [42] [43] [44] . In addition, to study the impact of climate change on the drought behavior, Burke et al. [45] used the HadCM3 model to analyze PDSI shifts up to 2100 and Mpelasoka et al. [46] used the climate data from a Global Climate Model (GCM) to calculate the SPI and PDSI and compared them with each other. Also, the regional climate model (RCM) has been used to consider the effect of climate change on the drought variability [47] , and some studies have used a GCM model to investigate the frequency of occurrence of PDSI [48] . In particular, many studies on drought and climate change have been performed recently in the East Asia region including Korea, China, and Japan, which are actually affected by climate change [49, 50] . Nam et al. [51] indicated that the drought in South Korea will significantly increase, and Kim et al. [52] show potential drought areas would shift from the south toward the east and central parts of the country. Similar studies have been performed for China [53] [54] [55] [56] , India [57] , and so on. However, in the perspective of water resources managements, the change of drought amount compared with the present situation because it is closely related to policy and planning, but most of the studies performed drought characteristic analysis based on their own period of the GCM data [58] [59] [60] [61] [62] [63] [64] [65] .
Therefore, this research focuses on the change in the drought amount and severity through the past to the future period due to climate change. To that end, future rainfall time series were drawn from RCP scenarios and CMIP5 climate model, which were newly suggested by the IPCC's 5th report [66] at the 45 observatories of the Korea Meteorological Administration to define drought. Using the copula method, the drought severity was defined according to the return period. Then, the spatial and temporal changes in the drought due to climate change in near (2016 to 2039), middle (2040 to 2069), and far future (2070 to 2100) were analyzed and compared based on the present drought.
Methodologies

SPI.
There are different views on the definition of drought. Meteorologically speaking, drought is defined as an event caused by a lack of precipitation, and it has various environmental, societal, and economic impacts. There are many definitions for drought, such as the duration, severity, frequency, and interarrival time, which were developed. Among them, the drought index is a method that is widely used to define drought, because it simplifies the quantitative characteristics.
The SPI, suggested by Mckee et al. [9] , is an example of a broadly used drought index. The SPI applies a probability distribution to a cumulative precipitation series and then applies a standard normal distribution for the calculations (see Figure 1) . Strictly speaking, the SPI does not have a specific threshold, but a drought is regarded as drought when the SPI is −1.0 or lower (Table 1) .
Run Theory.
The run theory was suggested by Yevjevich [32] to define drought and calculate its characteristics, such as its duration, severity, frequency, and interarrival times. As shown in Figure 2 , drought is defined as a time period for which a hydrometeorological variable is lower than a truncation level 0 . The truncation level can be a constant or a time-related function. The values of a precipitation time series which fall below the truncation level define a drought and the period for which they consecutively fall below this level defines the drought duration comprising periods ( 1 , 2 , . . .). The cumulative shortage during each period defines the drought severity comprising ( 1 , 2 , . . .). The time gap between the initial points of two consecutive droughts defines the drought interarrival time comprising ( 1 , 2 , . . .).
The run theory is convenient to apply and can also be applied to other hydrometeorological time series. This study considers the SPI as a continuous hydrometeorological time series and then, by applying the run theory, the drought duration, severity, and interarrival time are obtained. Since drought events are based on the truncation level, the selection of a proper level is important. In this study, a value of −1.00 was selected as the truncation level, because it has been generally adopted as the critical value to analyze droughts using statistical techniques [25, [67] [68] [69] [70] [71] .
Copula Function.
To derive a joint probability distribution of two or more variables that are dependent on each other, the most viable method is the copula method. If ( 1 , . . . , ) is an -dimension distribution function with marginal distributions of 1 ( 1 ), . . . , ( ), then there exists a copula function which satisfies ( 1 , . . . , ) = ( 1 ( 1 ), . . . , ( )). If 1 ( 1 ), . . . , ( ) are continuous, then the copula function can be represented as ( 1 , . . . , ) = (
Here , = 1, 2, . . . , , are random variables with marginal distribution functions expressed as ( ), = 1, 2, . . . , If the above function is partially differentiated with respect to 1 , . . . , , function (1) can be obtained:
Thus, the joint probability distribution can be obtained from the marginal probability density functions and the copula function. There are many copula families but, in this study, the Archimedean copula family was selected, because of its flexibility and simplicity of use [36] [37] [38] [41] [42] [43] and was applied to investigate droughts. From the Archimedean copula family, the Clayton, Gumbel, and Frank copulas were employed and their functions are given in Nelsen [72] and Table 2 .
To determine the copula parameter, the canonical maximum likelihood method (CML) was used [73] . The CML method uses a marginal transformation to transform each data piece to a uniform distribution and, then, using the parameter of each distribution function, the copula parameter is estimated.
Drought Return Period Using SPI
Drought Definition with SPI.
This study calculated the SPI indices for the 45 observatories of the Korea Meteorological Administration (hereafter referred to as "KMA") to assess their potential effect on water resources management (see Figure 3 ). To do so, the daily precipitation data between 1974 and 2014 were cumulated by month. Then, an appropriate probability distribution was applied to the time series of monthly rainfall for each duration period. To calculate the SPI, a 6-month duration period was selected, since it is the most suitable duration for analyzing the long-term meteorological drought characteristics [74] . For the SPI, there are considerable differences between distributions, so the Pearson Type III distribution, suggested by Guttman [31] through suitability testing, was selected to calculate the SPI [75] .
The truncation level must be set to define drought from the SPIs of the 45 climate observatories. Since the SPI recognizes -1.0 or less as a moderate drought, this value was regarded as the truncation level to define drought events for each observatory (see Figure 4) .
For the Seoul Climate Observatory, the leading observation facility in Korea, the drought events are shown in Figure 5 .
Bivariate Analysis of Drought.
To estimate the joint probability distribution using the copula method, the marginal 4 Advances in Meteorology Table 2 : Bivariate Archimedean copula family; is the copula function, denotes the drought event, is the copula parameter, and 1 and 2 denote the marginal distributions [72] . Copula family Copula func.,
Korea Peninsula South Korea probability distributions must be simulated beforehand. Each drought variable of the SPI time series for the 45 observatories was analyzed to determine the proper distribution type.
The joint probability distribution of two drought variables was derived using the proper copula function for each observatory. For the selection of the proper copula value, the minimum quadratic distance ( 2 ) between the empirical and theoretical values of the criterion, which describe the most appropriate copula [76] , was employed. The parameters of the Archimedean family copulas (Frank, Clayton, and Gumbel) were estimated by the method of moments according to their relationship with Kendall's tau [77] , which was found to be adequate for estimating the parameters for small sample sizes [76] . In calculation of joint probability based on the copula function, there are two cases: both duration and severity exceeding the limit ( > and > ), or probability either one would ( > or > ) [36] . This study assumes that an elongated duration implies an increase in the overall severity and, according to a previous study [78] , the joint probabilities of duration and severity are assumed to exhibit similar spatial distribution characteristics. Therefore, for convenience of analysis, the spatial distribution was generated using the duration. In this manner, the return period was defined based on the drought duration and severity. Also, the drought frequency was quantified using the return period. Figure 6 represents the return period of drought according to the SPI and the spatial distribution of drought in accordance with duration. For example, if the return period of drought was 30 years with a duration of 1 month, then the SPI of the Guem River basin was −1.75 according to Figure 6 (b) and the severity of probable drought can be drawn from this.
The spatial distribution of drought, based on the SPI, shows that droughts that have the same return period tend Advances in Meteorology to have a higher severity around the Geum River basin and the upper part of Kangwon-do province, Busan, and Haenam (see Figure 6 (d)). Even though there are differences in their duration, the overall spatial distributions are similar. This means that when a drought with the same return period occurs, these regions are vulnerable.
Future Rainfall Projection and Drought Variability under Climate Change
Future Rainfall Series.
To obtain future meteorological variables, a climate change scenario and a climate model are essential. This study employed CMIP5, because it includes more global circulation models [79] with generally higher spatial resolution, making it possible to address a wider variety of scientific questions [80, 81] . Also, climate projections vary, based on the external forcing factor, greenhouse gas emission scenarios, and numerical models [82] . The Intergovernmental Panel on Climate Change (IPCC) determined the emission density of greenhouse gases, based on human impact on the atmosphere in the form of RCP scenarios [83] . The climate change scenarios in CMIP5 describe four possible climatic futures (RCP 2.6, 4.5, 6.0, and 8.5), all of which are considered possible, depending on how much greenhouse gases will be emitted [84] and the degree of reduction of carbon dioxide (Table 3) . Hence, the selection of these scenarios is one of the most important factors in the assessment of climate change. The RCP 2.6 scenario assumes that the greenhouse gas emissions reach a peak between 2010 and 2020 and then decline substantially, while in RCP 4.5 the emissions reach a peak around 2040 and then decline, and in RCP 6.0 the emissions peak around 2080 and then decline. However, in the RCP 8.5 scenario, greenhouse gas emissions continue to rise throughout the 21st century [84] . The KMA projected future climate phenomena using the HadGEM2-AO model with a 1-degree resolution and downscaled its results, based on HadGEM3-RA of the Hadley Centre of the British Meteorological Office [85] . The KMA RCM model simulates the entire East Asia region, including the Korea Peninsula, by dividing it into a 12.5 × 12.5 km grid and providing monthly and daily climate phenomena until 2100 [86] . The RCP 4.5 scenario was employed and the monthly projected future precipitation (mm) was obtained until 2100.
Future Drought Variability.
To analyze the changes in the short-and long-term droughts due to climate change in the future, 4 projection periods were designated including the present: To assess the influence of climate change on drought in accordance with the case period, the future precipitation was calculated using the RCP 4.5 scenario and KMA RCM model and the SPI time series was simulated. Drought events were defined using the simulated future SPI time series. Then, by applying the copula method, the joint probability index of drought and SPI for each period were calculated and their variability was analyzed. The calculated SPI was represented as the relative rate of change in the SPI of Case 1. From the perspective of water resources management, the severity of future drought due to climate change would be the main item of interest. Thus, after representing it as the rate of change of SPI in comparison to Case 1, the substantive severity trend due to climate change in the future was investigated. To accomplish this, the SPI values for drought with frequencies of 5, 10, 30, 50, 80, 100, 200 , and 500 years were calculated. Then, the SPI values were compared to the SPI values of the same return period for Case 1 and the average rate of change was calculated. To discern the distribution of the rate of change of drought, mitigating drought was represented as a positive rate of change (white) and intensifying drought was represented as a negative rate of change (blue). The range of rate of change was set from 1/2 of mitigation (200%) Figure 6 to that in the other areas, the areas with low drought severity and with a high increase in drought severity due to climate change generally match (see . This shows that the severity of drought is increasing in areas which previously had a low drought severity, due to climate change. Thus, it can be concluded that the drought severity of the entire South Korea is on the rise. The increase in droughts in Haenam, which is located south of the Youngsan River Basin, should be noted. Accordingly, this area shows high severity of drought in the drought severity distribution for Case 1 and also shows a high rate of change in drought severity due to climate change. In the middle of the Youngsan River basin for Case 2, the upstream and downstream parts of the Youngsan River basin in Cases 3 and 4 show a trend of drought intensification (see Figures 7(d), 8(d), and 9(d) ). Thus, the Youngsan River basin's drought severity is higher than that of any other area and this shows that the future drought severity will intensify due to climate change. Thus, as time goes on, the overall drought vulnerability of the Youngsan and Nakdong River basins will increase. Also, in the near future (2016-2040), the increase of the drought severity of the Youngsan River and northwest Nakdong River basins will be especially striking with the nearly doubled drought amount compared to the present (see Figure 7) . In particular, Youngsan River basin has a small amount of reservoir or dam capacities (totally 1214.5 million m
3 ) [87] compared to other basins. So, the Youngsan River basin appears to be especially vulnerable to drought, so establishing an elaborate drought management plan is vital, and a water resources management plan for the increase of drought amount in these areas is highly needed.
Conclusions
The present research analyzed the changing trend of meteorological drought in Korea due to climate change. Drought was defined by the SPIs collected from the 45 observatories all over Korea. The joint probability distribution and return period of severity and duration, the most important probability variables, were derived using the copula method and the characteristics of drought were studied to determine their spatial distribution over South Korea. To consider the influence of climate change, the future SPI indices were calculated using the RCP 4.5 scenario and KMA RCM. Then, the same methodology was applied to simulate future droughts and the rate of change was compared to the current drought data. From this research, the following conclusions can be drawn:
(1) The drought return period calculated from the SPIs collected from the 45 climate observatories of the KMA shows that parts of the Geum, Nakdong, and Han River basins are vulnerable to drought.
(2) The drought severity of those areas that are currently relatively free from drought will increase in the future due to climate change and the overall influence of drought in South Korea will grow.
(3) Currently, the upstream and downstream parts of the Kuem River basin have higher drought severities than the other areas. Also, the increase in drought severity due to climate change in the Youngsan River basin will be higher than that in other areas. Thus, the Youngsan River basin is more vulnerable to drought on the climate change.
